Pyrrolizidine alkaloids (PAs) are characteristic metabolites of some plant families and form a powerful defense mechanism against herbivores. More than 600 different PAs are known. PAs are ester alkaloids composed of a necine base and a necic acid, which can be used to divide PAs in different structural subcategories. The main target organs for PA metabolism and toxicity are liver and lungs. Additionally, PAs are potentially genotoxic, carcinogenic and exhibit developmental toxicity. Only for very few PAs, in vitro and in vivo investigations have characterized their toxic potential. However, these investigations suggest that structural differences have an influence on the toxicity of single PAs. To investigate this structural relationship for a large number of PAs, a quantitative structural-activity relationship (QSAR) analysis for hepatotoxicity of over 600 different PAs was performed, using Random Forest-and artificial Neural Networks-algorithms. These models were trained with a recently established dataset specific for acute hepatotoxicity in humans. Using this dataset, a set of molecular predictors was identified to predict the hepatotoxic potential of each compound in validated QSAR models. Based on these models, the hepatotoxic potential of the 602 PAs was predicted and the following hepatotoxic rank order in 3 main categories defined (1) for necine base: otonecine > retronecine > platynecine; (2) for necine base modification: dehydropyrrolizidine ) tertiary PA ¼ N-oxide; and (3) for necic acid: macrocyclic diester ! open-ring diester > monoester. A further analysis with combined structural features revealed that necic acid has a higher influence on the acute hepatotoxicity than the necine base.
also the main target organ of toxicity (Bull and Dick, 1959; Bull et al., 1958; Butler et al., 1970; DeLeve et al., 1996; Jago, 1971; Li et al., 2011; Neumann et al., 2015) . There are 3 principal metabolic pathways for 1,2-unsaturated PAs (Chen et al., 2010) : (1) Detoxification by hydrolysis of the ester bond on positions C7 and C9 by nonspecific esterases to release necine base and necic acid, which are then subjected to further phase II-conjugation and excretion. (2) Detoxification by N-oxidation of the necine base (only possible for retronecine-type PAs) to form PA Noxides, which can be conjugated by phase II enzymes, eg, glutathione and then excreted. PA N-oxides may be converted back into the corresponding parent PA (Wang et al., 2005) . (3) Metabolic activation or toxification of PAs by oxidation (for retronecine-type PAs) or oxidative N-demethylation (for otonecine-type PAs (Lin, 1998) ). This pathway, which is mainly catalyzed by cytochrome P450 isoforms CYP2B and 3A (Ruan et al., 2014b) , results in the formation of dehydropyrrolizidine (DHP, also known as pyrrolic ester or reactive pyrroles). DHPs cause damage in the cells where they are formed, usually hepatocytes, but can pass from the hepatocytes into the adjacent sinusoids and damage the endothelial lining cells (Gao et al., 2015) predominantly by reaction with protein, lipids, and DNA. There is even evidence, that conjugation of DHP to glutathione, which would generally be considered a detoxification step, could result in reactive metabolites, which might also lead to DNA adduct formation (Xia et al., 2015) . Due to the ability to form DNA-adducts, DNA crosslinks and DNA breaks 1,2-unsaturated PAs are generally considered genotoxic and carcinogenic (Chen et al., 2010; EFSA, 2011; Fu et al., 2004; Li et al., 2011; Takanashi et al., 1980; Yan et al., 2008; Zhao et al., 2012) . However, there is no evidence yet that PAs are carcinogenic in humans (ANZFA, 2001; EMA, 2016) . After acute intoxication of humans, the most common lesions in the liver are hemorrhagic necrosis, lesions in the central and sublobular veins of the liver, and acute veno-occlusive disease (DeLeve et al., 2003; EFSA, 2011) .
There is evidence that the oral bioavailability (Hessel et al., 2014) and the specific toxicity of single PAs depends on structural features of the necic acid and the necine base. Considering the necine base, only 1,2-unsaturated PAs (retronecine-and otonecine-type PAs) can be metabolically activated in the liver to DHPs. Saturated PAs (platynecine-type PAs) are also metabolized by cytochromes but the metabolites are watersoluble and readily excreted (Ruan et al., 2014a,b) . No formation of DNA-adducts could be shown for saturated PAs (Xia et al., 2013) . Therefore, saturated PAs may be regarded as less/nontoxic. Also, differences in the toxicity of 1,2-unsaturated PAs were observed, with otonecine-type PAs being more toxic than retronecine-type PAs (Li et al., 2013) . Furthermore, from experimental experience, PAs with macrocyclic diesters are considered more toxic than those with an open-ring diester or monoester (EFSA, 2011; Fu et al., 2004; Ruan et al., 2014b) .
However, a drawback of these in vitro and in vivo studies isdue to limited availability of pure substances-the limited number of PAs investigated with regards to their structure-specific toxicity. To overcome this bottleneck, the structure-specific hepatotoxic potential of over 600 different PAs was predicted using 2 quantitative structural-activity relationship (QSAR) models, implementing either Random Forest (RF) or an artificial Neural Network (aNN), and which were trained specifically for acute human drug-induced liver injuries (DILI).
MATERIALS AND METHODS

Compilation of the PA Dataset
The PA dataset was created from 5 independent, necine base substructure searches in PubChem (Supplementary Material 1) . The resulting standard data files (sdf-files) were scanned with Bioclipse (v2.6) (Spjuth et al., 2007 (Spjuth et al., , 2009 ). The downloaded structures were compared with the PAs listed in the EFSA publication (EFSA, 2011) and the book by Mattocks (1986) , using the CASnumber and the synonyms, to ensure, that all major PAs were included. PAs mentioned in these publications which were not found in the downloaded substances were searched individually in PubChem and, if available, downloaded separately. Non-PA substances, duplicates, and isomers were removed from the files by hand. Artificial PAs, even if unlikely to occur in nature, were included in the analysis. As result, the final PA dataset comprised a total of 602 different PAs. For each PA molecular 1D and 2D descriptors were calculated using PaDEL-Descriptors (version 2.21) (Yap, 2011 (Yap, , 2014 . The process of standardization involved removing any salts from SMILES structures, for instance chlorides or lysinate residues. Additionally, we removed explicit hydrogens.
The PAs in the dataset were classified according to structural features. A total of 9 different structural features were assigned to the necine base, modifications of the necine base and to the necic acid (Figure 1 ).
For the necine base, the following structural features were chosen 1. Retronecine-type (1,2-unstaturated necine base), 2. Otonecine-type (1,2-unstaturated necine base), and 3. Platynecine-type (1,2-saturated necine base).
For the modifications of the necine base, the following structural features were chosen 1. N-oxide-type, 2. Tertiary-type (PAs which were neither from the N-oxide-nor DHP-type), and 3. DHP-type (pyrrolic ester).
For the necic acid, the following structural features were chosen 1. Monoester-type, 2. Open-ring diester-type, and 3. Macrocyclic diester-type.
Then, to assess the combined influence of the necine base and the necic acid on hepatotoxicity, the aforementioned features were combined. This resulted in the following 15 groups: Otonecine N-oxides do not exist, because the carboxyl-group at the nitrogen prevents N-oxidation.
Data Preprocessing and Feature Selection
A flowchart of the development of the prediction models, including validations, is provided in Figure 2 .
The DILI dataset, which was used to train the QSAR-models, was established by Chen et al. (2016) and was built up from different sources: marketed drugs approved by the Food and Drug Administration (FDA), which are (1) withdrawn or labeled in boxed warning or warnings and precautions with severe DILI indication (most-DILI-concern), (2) DILI labeling in warnings and precautions with mild DILI indication or adverse reactions (less-DILI-concern), and (3) no DILI indicated in the labeling (no-DILIconcern). Verification of DILI-concerns was made with reference to public resources (ie, the National Institutes of Health (NIH) 
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LiverTox database), and cases from major DILI registries (Spanish DILI Registry, Swedish Adverse Drug Reactions Advisory Committee Database, and the Drug-Induced Liver Injury Network in the United States). Substances which were validated classified as being of less-DILI-concern and of most-DILI-concern were regarded as hepatotoxic, whereas substances classified as no-DILI-concern were regarded as nonhepatotoxic. Substances with ambiguous-DILIconcern and antibodies were removed from the dataset. The final dataset consisted of 721 substances, containing 453 hepatotoxic and 268 nonhepatotoxic substances. For each substance, 1444 molecular descriptors were calculated using PaDELDescriptors (version 2.21) (Yap, 2011 (Yap, , 2014 , analogously to the PA dataset.
In the course of data cleaning for import, 2 substance had to be removed from the dataset, as many descriptors could not be computed. Furthermore, values in the dataset, which were smaller than 1 Â 10 À10 were set to zero. Then, the dataset was imported into R (R Project for Statistical Computing, https://www. r-project.org/; version 3.3.1; last accessed September 9, 2017) and all further steps were performed using additional R packages (packages are identified for each step in the description later). The second step after data cleaning was variable selection to identify the descriptors, which are actually related to the outcome. First of all, descriptor variables with a near zero variance were identified and removed using the "NearZeroVar"-function (package "caret"). A descriptor was classified as near zero variance if the percentage of unique values was < 10% or when the ratio of the frequency of the most common value to the frequency of the second most common value was > 95:5 (eg, 95 instances of the most common value and only 5 or less instances of the second most common value). A total of 1062 descriptors were left after this step.
The DILI dataset contained 2.38% of missing values. These missing values were imputed using the "rfimpute"-function (package "randomForest"). The use of imputation was driven by the need for complete cases in learning RF models. As the training dataset is by its very nature homogeneous (mostly small molecule drugs), imputation of missing values is justifiable. Furthermore, it was not necessary to impute any descriptors for the prediction of PA dataset.
Then, highly correlated descriptors were removed using the "findCorrelation"-function (package "caret") with a cut off of 0.9 yielding 548 descriptors. A recursive feature elimination method with RF (Zhu et al., 2015) was then used to identify the most important descriptors (the final predictors) to describe the outcome. For this model, it was aimed to use approximately 100 predictors to avoid overfitting. Therefore, different numbers of predictors (1, 10, 50, 75, 100, 200 , and 548) were tested and the accuracy of the predicted outcome was compared. As optimal accuracy was achieved with 100 descriptors, these descriptors were chosen as predictor for modeling.
Unbalanced datasets can adversely affect the training of the QSAR model. A dataset is considered unbalanced if certain classes are overrepresented. Different approaches are possible, eg, artificially balancing the dataset, assigning penalties to the model for misprediction of the minority class, or giving the minority class a higher weight. In this study, it was decided to use the "synthetic minority over-sampling technique" (Chawla et al., 2002) , function "ubSMOTE" (package "unbalanced") to balance the dataset. To verify the suitability of the SMOTEfunction, a total of 50 balanced dataset were created and the performance compared in a cross-validation approach. The mean accuracy of the 50 forests was 89% (range: 83%-94%), indicating that the creation of artificial instances with the SMOTE algorithm does not introduce systematic bias. The final balanced DILI dataset consisted of 458 hepatotoxic and 455 nonhepatotoxic observations.
RF Model
Based on the 100 most important predictors and the balanced DILI dataset, a RF model (Breimann, 2001 ) was trained using the "randomForest"-function (package "randomForest"). A forest with 1000 decision trees was grown, where 75 variables were randomly sampled as candidates at each split.
aNN Model For the aNN model, an additional preprocessing step was necessary. The DILI dataset was normalized by calculating the standard deviation for each predictor and then divide each value by that standard deviation ("preProcess"-function, package "caret"). The same scaling used for the DILI dataset was applied to the PA dataset.
The aNN model consisted of a multilayer perceptron which was created by using the "mlp"-function (package "RSNNS") (Bergmeir and Ben ıtez, 2012) . It consisted of 3 layers, an input layer with 100 units, a hidden layer 75 units, and an output layer with 1 unit. A logistic activation function was used.
Prediction Model and Assessment of Outcome
The RF and the aNN models were used to predict the probability of hepatotoxicity of the PA dataset. Therefore, the models indicated the probability for each substance to be a hepatotoxin. A higher percentage probability value does not mean that the substance is more toxic then a substance with a low value but rather indicates that the chances are higher for these substances to be actually hepatotoxic (Breimann, 2003) .
The probability results were binned into probability classes in increments of 10% (eg, 70%-80% probability for hepatotoxicity) and these probability classes were compared with the structural features assigned to the PAs. Statistical significance was tested using an unpaired student's t test ("t.test"-function, package "stats").
Validation of Prediction Model
The following methods were used for the validation of the prediction model in this study (Mitchell, 2014; Nantasenamat et al., 2009) 
:
Confirmation of applicability domain. The suitability of a prediction model for a specific dataset depends on the applicability domain of the training and the test dataset. This means that the range of the predictor values of the training dataset have to match with the test dataset. A test compound is unlikely to be correctly predicted if there is no similar compound in the training set. To confirm the applicability domain of the DILI and the PA dataset, a principal component analysis (PCA) was performed, using the identified, relevant 100 predictors and the first 4 principal components (PC). Furthermore, the distance between the DILI dataset and the PA dataset was calculated using the Jaccard distance measure.
Cross-validation. Due to the relatively small number of observations in the DILI dataset, no external cross-validation was performed. It was assumed, that a 10%-15% reduction of the training dataset might adversely affect the applicability domain of the total model. Instead, a 10-fold, internal cross-validation was conducted.
The accuracy of predictions is given as the ratio of hits to total number of compounds. This measure may grossly overestimate the actual quality in skewed datasets, ie, where the members of one class greatly outnumber those of other ones. Here, we report the predictive power of each model as correct classification rate (CCR):
where T N and T P represent the number of true negative and positive predictions, respectively, and N 0 and N 1 the total number of negative and positive compounds in the model. Also, the sensitivity and specificity of the models were calculated.
y-Randomization. To exclude chance correlation of the descriptors and the outcome a y-randomization (Rü cker et al., 2007) was performed. The real model is compared with an alternative model, where the outcome (y-variable) is randomly permuted and the model, including feature selection, is built on basis of these randomized outcomes. This validation was only performed using a RF model. As the permuted outcome variables were already balanced, the bootstrapping step of the data preprocessing was omitted. Also, no 10-fold cross-validation was performed. The quality of the permuted model was only evaluated based on the receiver operating characteristic (ROC)-curve, the corresponding area under the curve (AUC) and the confusion matrix.
RESULTS
Validation
The compliance of the applicability domains of the DILI and the PA dataset was tested using a PCA. The PCA, considering the first 4 PCs (PC1-PC4), showed that in principal, the PA dataset was within the range of the DILI dataset (Supplementary Material 2). The former result was also confirmed by the calculation of the Jaccard distance, which showed an average distance below 0.2 for all PAs relative to the training dataset.
Therefore, it can be assumed that the DILI dataset is suitable to build predictive models for the PA dataset.
A 10-fold internal cross-validation was conducted to test the performance of the models. The RF model had a CCR of 89.0%, a sensitivity of 88.8%, a specificity of 89.3%, and a ROC-AUC of 0.96. The performance of the aNN model was slightly inferior, with a CCR of 76.2%, a sensitivity of 77.5%, a specificity of 74.9%, and a ROC-AUC of 0.84.
After y-randomization of the outcome, the RF model had only a CCR of 52.2%, a sensitivity of 46.0%, a specificity of 58.5%, and a ROC-AUC of 0.53. These results indicate that the predictions were by chance, and no correlation between predictors and outcome can be established. Therefore, the predictors of the DILI dataset were actually related to the outcome and a by chance correlation can be excluded.
The results of the 4 validation approaches show that prediction models based on the DILI dataset are valid and suitable to predict the acute hepatotoxic potential of the PA dataset.
Prediction of the PA Dataset
From the 602 PA analyzed, a total of 105 and 496 PAs were predicted as hepatotoxic (probability of at least 50%) by the RF and the aNN model, respectively.
The prediction of single PAs was highly correlated between both models (R ¼ 0.977, P < .0001, see Figure 3 ). However, this analysis showed that the aNN prediction were on average higher than the predictions with the RF model (intercept À12.7%, slope 0.80).
For selected single PAs the prediction of our models was compared with the reported in vivo hepatotoxic potential in literature. Monocrotaline (DeLeve et al., 1996; Yang et al., 2017; Zhang et al., 2016 Zhang et al., , 2017 , riddelliine (NTP, 2003; Schoental and Head, 1957) , and lasiocarpine (NTP, 1978) are known hepatotoxic PAs, whereas retronecine and lycopsamine did not show hepatotoxic potential in vivo (Xia et al., 2013) . Accordingly, in both models, the former 3, hepatotoxic PAs had much higher probabilities of being hepatotoxic (RF model: 47%, 47%, and 48%; aNN model: 76%, 72%, and 67%, respectively) than the latter 2, nonhepatotoxic PAs (RF model: 16% and 16%; aNN model: 40% and 48%, respectively).
To closer investigate the distribution of the probabilities within the single groups the cumulative percentage of PAs was plotted against the probability of hepatotoxicity (Figure 4) . In general, a curve that is more on the left side of the plotting area, indicates that the group has a lower overall probability to be hepatotoxic than a curve that is shifted more to the right.
Considering the group of the necine base, otonecine-type PAs had in the both models significantly (P < .001) higher potential for hepatotoxic potential compared with the retronecinetype PAs. Platynecine had a significantly (P < .001 in the RF model and P < .05 in the aNN model) lower hepatotoxic potential then retronecine. Therefore, the rank order for the necine base for their hepatotoxic potential can be assumed as: otonecine > retronecine > platynecine.
Modifications of the necine base seem to have a significant influence on the prediction of hepatotoxicity. Not only is the majority of PAs from the DHP-type predicted as hepatotoxic but also is the difference to the other 2 groups highly significant (P < .001) for both models. The cumulative plots show, that very few DHPs have a low hepatotoxic potential and the curve is far more right than those from the other 2 groups. The difference between N-oxides and tertiary PAs is not significant in either model. Therefore, the rank order for the necine base modification is DHP ) tertiary PA ¼ N-oxide.
The structural features of the necic acid also determine the prediction of hepatotoxicity by the QSAR models. PAs from the macrocyclic diester-type had a significantly (P < .001) higher probability in the aNN model to be hepatotoxic compared with PAs from the other 2 groups. In the RF model, the difference is only significant between macrocyclic diester and monoestertype PAs. The difference between open-ring diester-and monoester-type PAs is significant (P < .001) in both models. PAs with a monoester as necic acid have the lowest probability to be predicted as hepatotoxic. The rank order for the necic acid is therefore: macrocyclic diester ! open-ring diester > monoester.
To better characterize the influence of the necine base and the necic acid on the hepatotoxic potential, the combination of structural features was investigated. The boxplots of the results are presented in Figure 5 . Unfortunately, the number of substances in some groups was very low (indicated by a dollar aNN, artificial Neural Network. A shift of the curve to the right indicates a higher probability of hepatotoxicity, a shift to the left a lower probability. A, All groups are significantly different from each other (P < .001). B, DHPs are significantly different from the other 2 groups (P < .001). C, Monoesters are significantly different from the other 2 groups (P < .001). D, All groups are significantly different from each other (P < .05). E, DHPs are significantly different from the other 2 groups (P < .001). F, All groups are significantly different from each other (P < .001).
sign); therefore, the otonecine-and the platynecine-N-oxide group could only partly or not at all be included in the evaluation. However, a clear trend is observable in both models. The hepatotoxic probabilities of PAs with the same necine base (retronecine, retronecine-N-oxide, and platynecine) but different necic acids are almost always significantly (P < .05) different (except for platynecine open-ring diester and platynecine macrocyclic diester in the aNN model), with the same rank order as in the evaluation of the single PA features. In contrast, despite different necine bases, PAs with the same necic acids seemed to have comparable hepatotoxic probabilities. The investigation on combined structural features clearly suggests, that the necic acid has a higher influence on the hepatotoxicity probability of PAs than the necine base.
DISCUSSION
Relatively early during the investigation of the toxicity of PAs, a relationship between hepatotoxicity and structure was assumed (Mattocks, 1986) . This relationship was repeatedly confirmed in different in vitro studies with different toxicological endpoints (Fu et al., 2004; Kim et al., 1993; Li et al., 2013; Ruan et al., 2014a,b; Xia et al., 2013) . Factors contributing to the structure-toxicity relationship of PAs are, eg, different modes of action (direct cytotoxicity vs genotoxicity), different pathways and rates of metabolic activation, leading to different amounts of DHP, and different pathways and rates of detoxification.
A drawback of in vitro and in vivo studies is that the number of different PAs tested is usually limited and dependent on the approximately 35 different, commercially available PAs. Therefore, more or less the same PAs are tested and compared over and over again.
Other in silico studies, which were already performed with PAs, can be considered as further evidence that the structure of pyrrolizidine alkaloids has an influence on the bioactivation and toxicity. Srinivas et al. (2014) modeled different structural alterations of monocrotaline and tested them for toxicity reduction in different in silico models. Some structural alterations showed a significant reduction in toxicity and bioavailability accompanied by drug-likeness properties. Fashe et al. (2015) used 3 different in silico analyses (ligand-based Fukui electrophilic Fukui function, hydrogen bond dissociation energies, and structure-based molecular docking) to identify the site of oxidation by CYP 3A4 in the toxification pathway leading to the DHPs for 2 PAs from the retronecinetype and one from the otonecine-type. Interestingly, the sites of oxidation were different for the 2 different necine basetypes studied. However, the in silico studies also focused on very few PAs.
This study analyzed a comprehensive number of 602 different PAs with human DILI outcome data with 2 different machine learning techniques. Even though PAs are structurally a quite homogenous substance class, both models were able to assign different hepatotoxic potential to structural features and thereby, were able to confirm a structure-toxicity relationship. Even though, the RF model had a better performance in the validation (correct classification 89% vs 76%), the separation of the structural features in both models is comparable.
The predicted hepatotoxic probability of single PAs (monocrotaline, riddelline, retronecine, lasiocarpine, and lycopsamine) by the 2 models was qualitatively comparable to the hepatotoxic potential reported in literature.
However, there are also noteworthy differences between the RF model and published literature data. Even though monocrotaline, riddelline and lasiocarpine are considered as hepatotoxic in in vitro (Field et al., 2015; Ruan et al., 2014b) and in vivo experiments (Xia et al., 2013) , the probability in RF model were only 47%, 47%, and 48%, respectively. In terms of binary classification (cut off 50%), these PAs would have been classified as not hepatotoxic by the RF model. However, considering the percentage value, other conclusion should be drawn. In general, values around 50% indicate a low confidence of the prediction and are therefore difficult to interpret (Breimann, 2003) . Therefore, the values for these PAs do not mean, that these substance can be considered as not hepatotoxic, but that the prediction lacks confidence. Furthermore, it has to be taken into consideration, that the DILI dataset is based on experience with drugs in humans. However, the data for these 3 PAs are derived from in vitro (in cells of different origin) and animal experiments with different experimental designs. As the main purpose of this study is to perform a qualitative analysis of PAs, relating structural features to the probability of toxicity, low confidence predictions (with a probability of around 50%) do not principally limit the overall conclusion but may indicate that these should be interpreted with caution.
The rank orders of the different structural features of both models are generally comparable to each other. Furthermore, the identified ranking fits to the toxification and detoxification pathways of PAs. The most indicative structural feature for hepatotoxicity is DHP. DHP is the reactive pyrrolic ester of the toxification pathway and the actual toxic principle of PAs. Both models identified this feature as most reliable predictor for hepatotoxicity. This is also in compliance with the observations by Kim et al. (1993) , who compared the cytotoxicity of DHP with their parent compound.
In contrast, PAs with an N-oxide structural motive or tertiary PAs were less likely to be predicted as hepatotoxic. However, the difference between these 2 groups was not significant in both models. PA N-oxides are generally regarded as detoxification products as the metabolites can be conjugated for excretion (Chen et al., 2010) . Accordingly, N-oxides are more easily eliminated from the body (Chen et al., 2010) . As N-oxides can be easily transformed back to the corresponding tertiary PA (Wang et al., 2005) it may be questioned, whether N-oxides themselves are generally less toxic than the corresponding tertiary PAs or rather whether reduced toxicity may results only from the reduced pool of retained N-oxides only.
Within the necine base group, otonecine-type PAs have the highest probability to be hepatotoxic in both models. This might be due to the methylated nitrogen in the necine base, which disables it for direct N-oxidation. This would be in concordance with observations by Li et al. (2013) , but not with the study from Ruan et al. (2014b) , who found retronecine-type PA to be more toxic than otonecine-type PAs. The saturated platynecine-type PAs had the lowest hepatotoxic probability in both models. This is in agreement with the general view of the platynecine-type PAs, which are considered as less/nontoxic than 1,2-unsaturated PAs (Fu et al., 2004; Ruan et al., 2014a) .
In addition, the analysis of combined structural features revealed, that the necic acid was more strongly correlated with the toxic potential of a PA than the necine base.
Especially as the necic acids are sometimes quite large structures, steric hindrance might be involved with enzymes along the toxification and detoxification pathway. Several experimental observations led various authors to the conclusion that macrocyclic diesters are more toxic then open-ring diesters and monoesters (EFSA, 2011; Fu et al., 2010; Ruan et al., 2014b) . Furthermore, open-ring diesters were shown to be more toxic than monoesters (Ruan et al., 2014b; Tamta et al., 2012) . These observations are in agreement with the results of the aNN model. However, in the RF model, the difference between openring diester and macrocyclic diester is not significant.
The fact, that open-ring diesters are more likely to be hepatotoxic than monoester might be explained by the hydrolysis detoxification pathway. In this pathway, the necine base and the necic acid are separated. For open-ring diesters, this would include 2 steps (one for each ester arm), for monoesters only one.
In contrast to earlier experiments and this study, the experiments by Ruan et al. (2014b) indicated, that open-ring diesters had a higher metabolic activation rate than macrocyclic diesters, resulting in a higher efficiency of adduct formation. Interestingly, the PAs used in this study all had the same necine base.
In the last few years, PAs, especially in herbal medicinal products, became a widely discussed issue, with the European Medicinal Agency striving for a reduction of PAs in herbal medicinal products (EMA, 2014 (EMA, , 2016 . The limits are set for all PAs on the basis of toxicological animal studies with only one PA (lasiocarpine). Considering the evident structural-toxicity relationship it is recommended to establish rather a rank order of known PAs, calculated in lasiocarpine-equivalents.
In a next step, additional outcomes (eg, chronic toxicity) should be modeled in silico (genotoxic/carcinogenic potential of PAs). Also, further in silico investigations addressing the influence of the various structural moieties of PAs on the activity of the enzymes involved in PA metabolism (cytochrome P450, carboxyl esterase, Uridine 5'-diphospho (UDP)-glucuronosyltransferase) could shed further light not only on the structure-toxicity relationship but also on the pronounced differences in sensitivity between species for hepatotoxicity effects of PAs (partly due to different expression levels of metabolic enzymes) (EFSA, 2011).
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